ABSTRACT The collaboration among physicians during episodes of care for hospitalized patients makes a significant contribution to effective health outcomes. Although physician collaborations are frequently analyzed to explore their impact on healthcare outcomes, the impact of the grouping structure of such collaborations is still unknown. The main purpose of this paper is to improve health outcomes by analyzing the attributes of patient-sharing physician collaboration networks. This paper explores the impact of different attributes of patient-sharing physician collaboration networks (PCNs) on hospitalization cost, length of stay and readmission rate. We use an electronic health insurance claim dataset to construct and explore PCNs. A PCN is categorized as either 'low' or 'high' in terms of hospitalization cost, length of stay, and readmission rate. Isomorphic classes of triad census, and clique and clan concepts of subgroup analysis are used to analyze PCNs. The results show that the clique and clan of physician collaborations affect only hospitalization cost and length of stay. Two isomorphism classes of triad census (i.e., closed triad and open triad) impact hospitalization cost, length of stay, and readmission rate. Physician collaborations in larger groups, instead of smaller groups, is related to lower hospitalization cost and shorter length of stay. The findings and insights from this paper can potentially help healthcare stakeholders to formulate better policies, which will eventually improve the quality of care while reducing cost.
I. INTRODUCTION
Collaboration is a combined process of multiple attributes, including sharing of planning, decision-making, problemsolving, setting goals and working together cooperatively. It enables individuals or organizations to work together in an effective and efficient way which would otherwise not be possible by an individual [1] , [2] . Collaborative relationships among people are highly valued in organizations because the synergies realized by diverse expertise produce benefits more than those achieved through individual effort [3] , [4] .
The importance of collaboration to improve performance has been identified by researchers in various research areas, such as scientific networks among authors [5] , [6] , obesity research collaboration [7] , virtual research and development organizations [8] , [9] , evaluation of creative performance [10] , and performance analysis of physical tasks and foreign markets [11] . In the context of healthcare service providers (e.g., hospitals), collaboration among physicians is very important for increasing patient consciousness, producing better health outcomes (e.g., shorter hospital length of stay, lower hospitalization cost, lower mortality rate and higher satisfaction) [12] and improving quality of care [13] . In healthcare settings, collaboration allows multiple inputs from various sources (e.g., physicians and nurses) that could produce accurate decisions leading to better patient outcomes [12] . Uddin et al. [14] proposed a framework that uses details of professional interactions (i.e., physician-tophysician link) to learn about effective healthcare collaboration and coordination using the measures and models of social network analysis. They analyzed patient-centric care coordination and physician collaboration networks as a social network. The use of measures and methods of social network analysis has gained wide acceptability in other research areas, such as disease networks [15] , [16] and crisis communication networks [17] . To our knowledge, no study has used triad census and subgroup analysis of physician collaboration networks to seek better quality of care and improved healthcare outcomes. This study aims to fill this gap in the literature and provides a better understanding of the effective and efficient physician collaboration structure. This study focuses on collaborations among physicians in a hospital context where they provide healthcare services to patients during their admission periods. When a patient is admitted, physicians within the same or different hospitals collaborate to provide required healthcare services. Depending on the patient's condition and availability of their colleagues, physicians might seek suggestions from other physicians working in different hospitals. Consequently, this type of medical practice develops a professional collaboration network among physicians. This study terms this network as a patient-sharing physician collaboration network (PCN).
As evident in the literature, there is an increased trend in using clinical measures of quality (e.g., morbidity and mortality rates) to study coordination and collaboration in healthcare contexts [18] - [20] . However, it is often difficult to quantify the patients' perception of quality as patients receiving similar or the same services could give different responses. Some hospital admissions are not life-threating; for example, a hospital admission for a broken hand. For such admissions, the clinical measure of mortality is not suitable to evaluate the quality of care. We therefore consider hospitalization cost, readmission rate and hospital length of stay as the outcome measure in this study. Bavelas [21] and then other researchers [e.g., [22] , [23] have shown that the attributes of any collaboration network (e.g., PCNs) have impacts on different objective outcomes (e.g., readmission rate in the context of hospital admissions).
As illustrated in figure 1 , a collaboration among a group of physicians could be of different types, such as dense, sparse or segmented. We were motivated to explore the impact of such different network structures of physician collaborations on healthcare outcomes. We study the patient-sharing physician collaboration networks evolving within hospitals to explore the effects of different network attributes of such networks on different healthcare outcome measures. Although there are other methods (e.g., community structure, tetrad and Lamda set) available in the literature, we explore PCNs using triad census and subgroup analysis. These two methods are particularly useful in exploring properties of small subsets of actors within a network [24] , [25] , and physicians tend to collaborate in small subgroups within hospital settings [26] . 
II. RESEARCH METHOD A. TRIAD CENSUS
A triad is a subgraph of three actors (such as, a i , a j and a k where i = j = k) and possible links among them [27] .
A triad can be formed with or without any links between its three actors. For a network of size g, there will be exactly g 3 = g (g − 1) (g − 2)/6 triads. Within a triad, each of the three actors can be linked to the other two actors. Therefore, there are six possible links between the actors within a triad, considering the network as directional. Each of these six links can be either absent or present in a triad. Thus, there are 2 6 (i.e., 64) possible states for a triad when actor labels are considered. If we only consider triad structure, some of these 64 states are indistinguishable. This results 16 isomorphism classes, which are called the triad census [28] . According to convention, the 16 triad isomorphism classes are ordered by 003, 012, 102, 021D, 021U, 021C, 111D, 111U, 030T, 030C, 201, 120D, 120U, 120C, 210 and 300. These 16 isomorphism classes of triad census are depicted in figure 2. The six classes (i.e., the last five and 9-030T) of these 16 isomorphism classes form one or more transitive structure. Three actors a, b, and c form a transitive structure if a → b and b → c then a → c. A high presence of one or more of these six classes in a network indicates that the transitive structure plays a vital role in the formation of that network. The structural hole theory can explain how an actor may gain important comparative advantages compared to other actors within a network [29] . According to this theory, an individual who bridges two or more closely connected groups of people could gain a higher level of information flow control in a network.
The standard M-A-N naming convention is followed in figure 2 to label the triad isomorphism classes in which M , A and N indicate the number of mutual dyads, asymmetric dyads and null dyads, respectively. The trailing letters, D, U , C and T stand for down, up, cyclic and transitive, respectively. A mutual relationship between actor i and j is denoted by i ↔ j and occurs when edges i → j and j → i exist in the dyad. The asymmetric relationship occurs in two ways: either through i → j or j → i, but not both. A null dyad occurs when there is no link between i and j. For undirected network, there are four isomorphism classes of triad census:
(unconnected), 102 (connected pair), 201(open triad)
and 300 (closed triad) [28] . This study considers these four isomorphism classes of triad census, as the physician collaboration networks considered in this study are undirected. These four isomorphism classes for undirected networks are illustrated in figure 3 . 
B. SUBGROUP ANALYSIS 1) CLIQUE AND N-CLIQUE
In graph theory, a cluster concept is given by the clique of a graph G. A clique C is a maximal complete subgraph of a graph G. It represents clusters of similar kinds of elements. For example, in social networks, a clique is a group of people who are more closely and intensely tied (such as through friendship and acquaintance) with each other [30] . At the most general level, a clique is a subset of a network in which actors are more closely and intensely tied (or linked) to one another than they are to other members of the network. A clique can also be thought of as a collection of actors, all of whom choose each other, and there is no other actor in the network who also chooses and is chosen by all members of the clique [27] , [31] . In figure 4 , actors A, B, C and D form a clique since they are all connected to each other and no other network actor is connected to each of them.
The clique definition for the strict condition of a maximal fully connected subgraph can be too strong for many purposes. It insists that any two members of the clique must have a direct relationship with each other. To relax this criterion, the n-clique concept was introduced by Luce [32] . An n-clique of a graph G is a maximal subset of vertices where the distance d G between any two vertices u and v is defined by the following equation:
In figure 4 , actors B, D, E, F and G form a 2-clique as they are connected among themselves at a maximum distance of 2. A 2-clique is a subgroup in which all the group members are not required to be adjacent, but all of them would be reachable through at most one intermediary [27] .
Since a network with higher number of actors is likely to form larger number of cliques compared to its counterparts, we divide the number of cliques by the number of actors to generate a normalized clique value for each physician collaboration network considered in this study.
2) N-CLAN
The purpose of the n-clique method is to find a long group rather than the tight and discrete groups of the maximal method. However, the tightness of a group is essential to many applications in social networks. In addition, members of n-clique can be connected by intermediate actors who are not members of the clique. These are often problems for most sociological applications. To solve them, Alba [33] first introduced the concept of a 'sociometric clique', which was renamed an n-clan by Mokken [30] . An n-clan is to n-clique with diameter D which is less than or equal to n. The members of a 2-clique may reach each other through an intermediate non-member actor, whereas all members of a 2-clan can reach each other only through any other member actor(s).
In figure 4 , one of the two 2-clique is ABCDEG. In this 2-clique, the actor E is connected to the actor G with a minimum distance of 2 through the node F which is not a member of this 2-clique. Although there are two 2-cliques (i.e., ABCDEG and BDEFG), only one (i.e., BDEFG) satisfies the restriction of the n-clan approach.
This study followed a similar approach to what has been followed for normalising clique values to normalize clan values for different physician collaboration networks.
C. RESEARCH DATA
The de-identified health insurance claim data from a nonprofit Australian health insurance organization has been used to achieve the research goals of this study. The data includes members' claim data from January 2005 to February 2009. It consists of three different types of claims: ancillary claim, medical claim and hospital claim. Ancillary claims are auxiliary claims for medical services such as dental, optical, physiotherapy, dietician and pharmaceutical. The claims from specialist physicians other than the ancillary type are medical claims. All other claims for the services that patients received during their hospitalization period are considered as hospital claims.
The dataset consists of approximately 14.87 million ancillary, 8.98 million medical and 3.1 million hospital claims received from 2507 hospitals for 0.44 million members. Admitted patients can have a wide range of diseases, and patients with a specific disease needs to be seen by specialist physicians. Thus, different types of PCNs (such as a PCN for heart attack patients and a PCN for diabetes patients) exist inside the hospitals for hospitalized patients. This study considers PCNs only for total hip replacement patients from 53 hospitals. None of the patients of our dataset died during their hospitalization periods.
We use Medicare Benefits Schedule (MBS) codes [34] to extract physician visiting information and admission details of the target patients (i.e., hip replacement patients) who were admitted in any of the 53 hospitals considered in this study. The MBS coding scheme was developed by the Australian Department of Health and Aging [34] . Every year, this coding method is reviewed and updated, if required, to incorporate any new medical procedures discovered in medical science. In Australia, this coding scheme is followed by most healthcare service providers. A brief description of the MBS codes used to extract details of hip replacement patients from the research dataset can be found in supplementary table 1.
D. RESEARCH ANALYSIS STEPS
The goal of this study is to analyze the impact of PCN attributes on hospitalization cost, hospital length of stay and readmission rate. The overall procedure of research analysis followed in this study is illustrated in figure 5 . The attributes of PCNs (i.e., clique, clan and triad census) are considered as independent variables, whereas hospital length of stay, hospitalization cost and readmission rate are considered as dependent variables. This study first extracts physicianpatient connections from the physicians' visit information to patients. In the next two steps, PCNs are constructed and categorized. We then calculate the network measures of PCNs related to subgroup analysis and triad census using the UCINET software tool [35] in the fourth step. Finally, the statistical t-test and correlation test assess the relationships of network measures with hospitalization cost, hospital length of stay and readmission rate.
This study analyzed 53 patient-sharing physician collaboration networks. These networks had been developed in 53 different hospitals through physicians' visits with patients during their hospitalization period. Each PCN is a sample of this study; thus, the sample size of this study is 53. Several hip replacement patients ranging from 6 to 100 were admitted to each of these 53 PCNs. To calculate the hospital length of stay for a PCN, this study considered the average of length of stay values for all hip replacement patients who were admitted to the corresponding hospital of that PCN. A similar approach was followed to quantify hospitalization cost and readmission rate for each PCN. A window of 30 days is considered to calculate the readmission rate; i.e., an admission is considered as readmission if the corresponding patient was admitted within 30 days of her last discharge date.
E. CONSTRUCTION AND CATEGORIZATION OF PHYSICIAN COLLABORATION
Physician collaboration networks are generated through the collaboration of physicians in hospital settings over time. This study assumes that collaboration between two physicians emerges when they both visit a common patient during her hospitalization period. An illustration of the PCN construction approach considered in this study is shown in figure 6 . As illustrated in this figure, patient P1 is seen by three different physicians (doctors) -D1, D2 and D3. Physicians D2 and D3 see patient P2. The resultant patient-physician network is depicted in figure 6(b) . Finally, the corresponding PCN for the patient-physician network in figure 6(b) is illustrated in figure 6(c) . In this PCN, the edges between D1 and D2 and between D1 and D3 have a weight of 1 since each pair of physicians sees only one common patient, whereas the edge weight for the link between D2 and D3 is 2 which indicates that they have two common patients.
Using the percentile rank statistics, this study categorized a PCN as either 'low' or 'high' in terms of hospitalization cost, hospital length of stay and readmission rate. For each of these three measures, PCNs having a value less than or equal to the 40 th percentile are considered as 'low' PCNs, whereas PCNs having a value higher than or equal to the 60 th percentile are considered as 'high' PCNs.
F. STATISTICAL ANALYSIS
This study used the t-test and correlation test for statistical data analysis. The t-test compares the average between two unrelated groups on the same independent and dependent variable and tells us if the groups are different from each other. The t-statistics (i.e., t-value) is calculated by dividing the mean difference by its standard error. In general, an acceptable t-value is greater than +2 or less than −2. A higher absolute value of t indicates a greater difference between groups, whereas a lower t-value indicates more similarity between groups [36] . Every t-value has a p-value that indicates the significance of the difference between the means of two groups. A correlation test can quantify how strongly two variables are positively or negatively related to each other. The strength of a correlation test is captured by the correlation coefficient [36] .
III. RESULTS AND DISCUSSION
The distributions and their associated range values for 'low' (≤40 percentile) and 'high' (≥60 percentile) values for the three measures (i.e., hospitalization cost, hospital length of stay and readmission rate) are shown in figure 7 . In figure 7(a) , the range for the category of 'low' hospitalization cost is $2,753-$21,718 and for the 'high' category is $25,636-$44,428. As presented in figure 7(b) , the range for the 'low' length of stay is 1-9 days and for the 'high' length of stay is 12-27 days. As per figure 7(c), the range for the 'low' readmission rate is 0%-7% and for the 'high' readmission rate is 12%-66%.
At this point, we describe the t-test results regarding the impact of PCN-related measures resulted from clique, clan and triad census analyzes on hospitalization cost, hospital length of stay and readmission rate. The findings of this study are illustrated in table 1. In this study, network measures (i.e., 1-clique, 2-clique, 2-clan and triad census) are used as independent variables in the t-test, whereas hospitalization cost, hospital length of stay and readmission rate are used to categorize (as 'low' and 'high') these network measures.
In the case of two isomorphism classes (i.e., open triad and close triad) of triad census, the t-test value in table 1 shows that there is a significance difference (p < 0.05) between low-and high-hospitalization cost, between low-and high-length of stay, and between low-and high-readmission rate. In all three cases, the 'high' PCNs have higher values compared to the 'low' PCNs. This indicates that the presence of a higher number of open and closed triads in PCNs is associated with higher hospitalization cost, longer length of stay and higher readmission rate.
For the two isomorphism classes (i.e., unconnected and connected pair), the corresponding t-test significance values are not significant as shown in table 1, except between length of stay and connected pair where p < 0.05. There is no surprise in these results since in an unconnected structure there is no collaboration or connection among the three underlying physicians and in connected pair only two out of three physicians are linked. In table 1, the level of significance of the t-test was less than 0.05 (p < 0.05) between low-and high-hospitalization cost and between low-and high-length of stay for the clique and clan measures (i.e., 2-clique and 2-clan). This p-value indicates that there is a significant difference between them. Thus, the network structure of patient-sharing physician collaborations affects the hospitalization cost and hospital length of stay.
In regard to hospitalization cost and hospital length of stay, the 'low' PCNs have more cliques and clans compared to their counterparts, as per the mean values of table 1. This indicates that in such 'low' PCNs physicians are connected into small groups through seeing common patients. Working into small groups over the time allows physicians to have more discussions about their shared patients. This could lead to lower hospitalization cost and shorter hospital length of stay as found in this study. Figure 8 illustrates the differences between a 'low' and a 'high' PCN from the research data. The 'low' PCN (top) has fewer nodes, which are almost evenly connected. This leads to the presence of higher number of cliques and clans in this PCN. The 'high' PCN (bottom) has more nodes, which apparently are grouped into different clusters, according to the Girvan-Newman algorithm [27] . Although there could be higher number of cliques and clans within each cluster, the overall number of clique and clan for the entire PCN will be less because of this clustering tendency. In the triad census analysis, higher values of open triad and closed triad are significantly related to higher hospitalization cost, longer length of stay and higher readmission rate. On the other side, as evident from the subgroup analysis, higher values of 2-clique and 2-clan are significantly related to lower hospitalization cost, shorter length of stay and lower readmission rate. Both open triad and closed triad can be thought as a small group of three actors connected by two and three edges, respectively. A closed triad has a similar structure of a completely connected clique with three nodes. The complete clique structure was not found to have any statistical relationship with any of the three categorical measures (1-clique result). The subgroups of 2-clique and 2-clan are also a small group, but they are usually formed with more than 3 actors. Therefore, it can be argued that larger subgroup structures, rather than smaller ones, are related to lower hospitalization cost, shorter length of stay and lower readmission rate.
A correlation test is also conducted to explore the relationships between independent (i.e., structural measures for subgroup and triad census analyzes) and dependent (i.e., hospitalization cost, length of stay and readmission rate) measures of this study. The corresponding correlation coefficient values are shown in table 2. This correlation test echoed the results that were evidenced in the t-test (table 1) .
TABLE 2.
Correlation coefficient values between the independent and dependent variables considered in this study.
IV. CONCLUSION
This study proposed a way to explore the effect of different triad census and subgroup attributes of a PCN on hospitalization cost, hospital length of stay and readmission rate. The structure of PCNs in terms of triad census and subgroup has been found to be associated with hospitalization cost, length of stay and readmission rate. The PCN structures characterized by the presence of (i) more 2-clique and 2-clan and (ii) fewer open and closed triads are related to lower hospitalization cost, shorter length of stay and lower readmission rate. The findings of this study can be used in promoting the structure of physician collaborations within hospitals or between healthcare service providers. Physicians could be encouraged, for example, to collaborate within a small group of more than three members.
Like any other research studies, this research has some limitations. First, this study did not consider any other information of patient's pre-existing and socio-demographic conditions that could affect the present condition. For example, it is likely that a 75-year-old type 2 diabetic patient will incur higher hospitalization cost for a hip replacement surgery compared to a younger and non-diabetic patient. Second, there could be significant relationships among hospitalization cost, length of stay and readmission rate. This study did not consider such relationships in exploring the impacts of PCN structures on these three different measures. Finally, this study considered only one type of patients (i.e., hip replacement patients). Consideration of other type of patients (e.g., cancer patient and knee replacement patients) is required to confirm the generalization of the findings of this study.
Regardless of these limitations, our novel analysis showed how the group structure of patient-sharing physician collaborations affects the three different healthcare measures of hospitalization cost, hospital length of stay and readmission rate. 
